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KEY POINTS: 15 
 Data from NASA’s Gravity Recovery and Climate Experiment (GRACE) holds 16 
information that could aid national fire potential assessments 17 
 A high frequency of small fires tends to occur when pre-season soils are wet while larger 18 
fires are more frequent when soils are dry 19 
 Surface soil moisture and fire occurrence data were combined to produce annual probable 20 
wildfire occurrence and burned area maps 21 
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ABSTRACT 42 
 43 
It is well accepted that drought and low moisture conditions are linked with increased wildfire 44 
occurrence. However, quantifying the sensitivity of wildfire to surface moisture state has been 45 
challenging due to a lack of soil moisture observations at an appropriate spatial scale. Here we 46 
apply model simulations of surface soil moisture that numerically assimilate observations from 47 
NASA’s Gravity Recovery and Climate Experiment (GRACE) mission, combined in a predictive 48 
algorithm with the US Forest Service’s Fire-Occurrence Database. We estimate a relationship 49 
between historic surface moisture and wildfire occurrence to produce annual probable wildfire 50 
occurrence and burned area at 0.25-degree resolution for the contiguous United States by land-51 
cover classification. Cross-validation indicates increased frequency of smaller fires when the 52 
months preceding fire season are wet, while larger fires are more frequent when soils are dry. This 53 
demonstrates that assimilated GRACE data holds information that could aid national-scale fire 54 
potential assessments for early decision-support. 55 
 56 
1. INTRODUCTION 57 
  58 
Wildfires in the United States have increasingly become larger and more frequent during the last 59 
several decades, contributing to greater environmental degradation, property damage, and 60 
economic loss [Dennison et al., 2014; Morton et al., 2003]. From 2003 to 2013, wildfires account 61 
for an average cost of $2.2 billion dollars per event in the United States [Smith and Matthews, 62 
2015]. Wildfires are typically uncontrolled fires that occur in areas of combustible vegetation, and 63 
depend greatly on vegetation type. In the contiguous United States, 90% of wildfire ignitions are 64 
associated with human activity, but several other factors such as wind and lightning strikes can be 65 
important in ignition and growth. One of the largest contributing factors to general wildfire risk is 66 
fuel moisture content (FMC), a measure that when limited contributes to greater fire severity in a 67 
given area [Verbesselt et al., 2002]. Low FMC generally indicates higher fire risk as well as higher 68 
potential fire severity, or the degree of environmental change caused by a fire, due to plants being 69 
more resistant to fire when containing more moisture [Van Der Werf et al., 2008]. 70 
 71 
The availability and the wetness of fuels tend to be associated with precipitation and soil moisture 72 
conditions at the land surface [Chuvieco et al., 2004; Krueger et al., 2015]. However, local-scale 73 
observations of these conditions are difficult to obtain over large domains and with consistently 74 
discretized, spatially and temporally uniform structure [Famiglietti et al., 2008]. Therefore it is 75 
challenging to develop a quantitative description of the relationship between land surface wetness 76 
conditions and wild fire occurrence, and the specific impacts of surface soil moisture and fuel 77 
moisture content on wildfire occurrence across land cover types is still an open research question. 78 
The National Interagency Fire Center currently publishes seasonal fire potential outlook reports 79 
for the United States [National Significant Wildland Fire Potential Outlook, 2016]. These reports 80 
use the US Drought Monitor, past monthly temperature and precipitation averages, and one and 81 
three month weather outlooks to qualitatively assess regional fire potential. This does not account 82 
for the quantitative relationships between fire occurrence and contributing environmental factors 83 
such as soil moisture and only offers binary assessment—above or below normal—of fire potential 84 
over broad geographic regions. 85 
 86 
Launched in 2002, NASA’s Gravity Recovery and Climate Experiment (GRACE) mission 87 
provides monthly observations of terrestrial water storage anomalies (TWSA) that describe spatial 88 
and temporal changes in the amount of water stored in soils, groundwater and above the land 89 
surface [Tapley et al., 2004]. However, GRACE observations have an intrinsically low spatial 90 
resolution (150,000 km2), due to the limitations of the instruments and the altitude of the satellites. 91 
This makes GRACE TWSA observations difficult to apply for natural resource management. One 92 
way to circumvent the resolution limitations of GRACE is to perform a physical downscaling of 93 
the GRACE observations through numerical data assimilation. This has been done with much 94 
success for drought and flood monitoring applications [Houborg et al., 2012; Reager et al., 2015], 95 
and is currently included as an input to the U.S. Drought Monitor framework [Rodell, 2013]. 96 
 97 
Building upon these successes, we investigate the relationship between GRACE-assimilated soil 98 
moisture (as a proxy for fuel moisture content) and seasonal wildfire occurrence and severity. We 99 
apply GRACE-assimilated soil moisture simulations from the Catchment Land Surface Model 100 
(CLSM) and in-situ wildfire observations over the continental United States during the 2003-2012 101 
period, and at 0.25-degree spatial resolution [Houborg et al., 2012; Short, 2015]. We disaggregate 102 
the study domain by land cover type [Homer et al., 2015], under the hypothesis that wetness should 103 
modulate different land cover responses to wildfire ignition differently. We then determine the 104 
historic relationship between wildfire occurrence and surface soil moisture across land cover types, 105 
and cross-validate a predicted response to show the strength of the relationship. In doing so, this 106 
study reveals complex nonlinearities in the influence of fuel moisture content on wildfire severity, 107 
and further establishes the need to incorporate accurate surface moisture information in the 108 
quantitative assessment of fire risk and potential in the United States. 109 
 110 
2. DATA 111 
 112 
NASA’s GRACE mission is comprised of a pair of Earth-orbiting satellites flying in tandem at 113 
over 400 km altitude, spaced about 220 kilometers apart. Distance variations between the two 114 
satellites are measured using a K-band Ranging System (KBR), which provides precise (within 10 115 
µm) measurements of the distance changes between the two satellites caused by temporal and 116 
spatial fluctuations in the Earth’s gravity field [Tapley et al., 2004]. The measurements are used 117 
to determine changes in the Earth’s mass distribution at horizontal resolutions greater than 150,000 118 
km2, with higher measurement accuracy at larger spatial scales [Wahr et al., 2004]. The monthly 119 
to decadal temporal changes in the gravity field are attributed to mass redistribution in the 120 
atmosphere, ocean, continents and solid earth. After isolation and correction of ‘unwanted’ signals 121 
(i.e. ocean, atmosphere, and postglacial rebound), these measurements are assumed to represent 122 
the movement of water mass over time, referred to as terrestrial water storage anomalies. Swenson 123 
and Wahr [2004] and Wahr et al. [1998] provide general post-processing details and Landerer and 124 
Swenson [2012] provides details on signal restoration, scaling, and regional error calculation. The 125 
GRACE dataset used for this project is a monthly, global, one-degree gridded, scaled GRACE land 126 
data product, which is processed by the Texas Center for Space Research [CSR; version CSR-127 
RL05] and NASA’s Jet Propulsion Laboratory and available for download at grace.jpl.nasa.gov. 128 
The time period of data for this project is from April 2002 to December 2013.  129 
  130 
The Catchment Land Surface Model (CLSM) was developed at the NASA Goddard Space Flight 131 
Center and is a physically based, apportioned land surface model [Koster et al., 2000]. The sub-132 
grid horizontal structure of a rectangular atmospheric grid is divided into topographically-defined 133 
catchments with an average area of approximately 4000 km2. Water is redistributed spatially and 134 
vertically based on the topography of each basin or watershed. The model’s hydrologic processes 135 
are based on each catchment’s topographical statistics. For the assimilation, the model-generated 136 
terrestrial water storage moisture components are corrected toward the GRACE observational 137 
estimate with the degree of correction determined by the levels of error associated with each using 138 
and Ensemble Kalman Smoothing Filter method (EnKS) [Zaitchik et al., 2008]. Monthly GRACE 139 
anomaly fields are converted to absolute values by adding the time-mean total water storage field 140 
from the CLSM output. Assimilation increments are calculated based on the relative uncertainty 141 
in the model and the observations where a two-step smoother is applied to handle GRACE's 142 
monthly temporal resolution. These increments are applied directly to the column-integrated 143 
prognostic variable (the catchment deficit) and the primary non-equilibrium prognostic (the root 144 
zone excess moisture), without need for arbitrary vertical disaggregation. The CLSM-DA time 145 
series used here covers January 2003 to December 2014. Outputs are reported on 0.25-degree grid 146 
cells for the contiguous United States (domain: -126.875 23.875, -66.125 51.625), including 147 
portions of Canada and Northern Mexico. This gridded analysis is an interpolation of catchment 148 
tiles to a model grid. 149 
  150 
The USDA Forest Service’s Fire Program Analysis Fire-Occurrence database (FPA FOD) is a 151 
comprehensive geospatial database of wildfires in the United States from 1992 to 2013. It includes 152 
1.73 million geo-referenced wildfire records, representing a total of 126 million acres burned 153 
during the 22-year period [Short, 2015]. It also contains vital information for each of these fires, 154 
including date, cause, fire size, fire class, burned area, and coordinates. This data was imported 155 
into a geographic information system and processed into two separate raster datasets that matched 156 
the spatial and temporal resolution of the GRACE derived soil moisture data. The first dataset 157 
aggregated the annual number of fires in each 0.25 × 0.25 degree cell for May through April of the 158 
following year, while the second summed the total burned area (in acres) for each cell in that 159 
timeframe. 160 
 161 
The land cover type dataset used in this study was the USGS’ National Land Cover Database 2011 162 
(NLCD 2011) [Homer et al., 2015]. This dataset maps land cover and land use across the United 163 
States at a 30 meter resolution. The NLCD data was first reclassified for generalization and 164 
resampled to the same spatial extent and resolution as the previous two datasets. This allowed each 165 
grid cell to have a unique land cover classifier, which could then be programmatically used to 166 
extract values and characterize each relevant vegetation type’s relationship between soil moisture 167 
and wildfire. For the purposes of this study, only vegetated land cover types are of importance to 168 
wildfires. Accordingly, the Developed/Urban, Barren Land, and Planted/Cultivated classes were 169 
not considered in the analysis. The Mixed Forest class was not considered due to its unsuitably 170 
small number of pixels. Additionally, even though model simulations of wetland soil moisture may 171 
not be accurate due to missing physical processes, we include this class to represent general 172 
wet/dry responses in wetland environments. Figure 1 shows a visualization of this processed land 173 
cover data along with the other two datasets mentioned above. 174 
 175 
3. METHODS 176 
 177 
The first step in algorithm development was to disaggregate the fire data by size class as defined 178 
in Table 1. Annual January through April soil moisture data were averaged into single two-179 
dimensional maps (latitude × longitude) for each year. Annual total fire occurrence and cumulative 180 
burned area maps were produced for each wildfire class, for the period ranging May through April. 181 
This time period was selected in order to delineate a nominal fire season in line with the beginning 182 
of the Western US fire season, although true fire season tends to vary in time and by location 183 
[Westerling et al., 2003]. Each burned area and fire frequency value was plotted against its 184 
corresponding soil moisture value for the entire population of 0.25 degree grid cells within each 185 
land cover classification. This produced a distribution of fire occurrence and burned area as a 186 
function of soil moisture for each land cover class. These data were then binned by soil moisture 187 
ranges to calculate average fire occurrence and burned area values over each range. These 188 
distributions reveal the unique relationship in each land cover class between occurrence of 189 
wildfires of increasing severity classification as a function of soil moisture state. 190 
 191 
We also investigated whether the information contained in these relationships with soil moisture 192 
demonstrated predictive utility. Comprehensive deterministic prediction is challenging, because 193 
we don't include all of the information required to determine the comprehensive source and forcing 194 
for all fire occurrence and severity; variables such as lightning strikes, human activity, and wind 195 
gusts all contribute substantially to actual wildfire predictability. Instead, we investigate a 196 
statistical tendency of soil moisture to affect wildfire occurrence by lumping a large population of 197 
observations into a single model, and evaluating how the population responds as whole to this 198 
single factor. We assume that the population captures the probable best estimate of the relationship 199 
that would occur at a single location under different conditions and across time. A comprehensive 200 
fire prediction model could likely include other forcing variables. 201 
 202 
The distributions were compiled as look-up tables to be referenced for mapping fire probability 203 
and predicted burned area. A simple equation for calculating fire probability and probable burned 204 
area were applied by referencing the look-up table corresponding to each land cover type for the 205 
relevant fire size class based on the pre-season soil moisture value. The expected number of fires 206 
is thus estimated. Burned area (Equation 1) is then estimated by multiplying the best estimate of 207 
the fire occurrence by the average burned area value for the bin that each cell’s soil moisture value 208 
belongs to by land cover type.  209 
 210 
Probable Burned Area(𝑖) = Average Fire Occurrence(𝑖)  ×  Average Burned Area(𝑆𝑀𝑖, 𝐿𝐶𝑖) 211 
 (1) 212 
 213 
In Equation 1, i is a given 0.25 degree grid cell, and SMi and LCi are the corresponding values of 214 
soil moisture and land cover classification. Maps for both predicted number of fires and predicted 215 
burned area were thus created for each fire size class. These 7 maps for each parameter can be 216 
added together to create maps for a year’s total predicted number of fires and total burned acreage. 217 
 218 
4. RESULTS  219 
 220 
Figure 2 shows that within each land cover type, there are different distributions of fire occurrence 221 
as a function of soil moisture for each fire class. For example, within the evergreen forest type, the 222 
smaller fire classes B, C, and D tend to be more frequently associated with a higher average number 223 
of fires following high pre-fire season soil moisture. Meanwhile, the larger fire classes E, F, and 224 
G, show the opposite trend whereby dryer soil moisture conditions in January – April are 225 
associated with more fires. Some distributions are relatively uniform or not well organized. This 226 
indicates the absence of a clear relationship between soil moisture and fire occurrence, or that other 227 
factors tend to mask that relationship. Table 2 shows that each vegetation type differs from the 228 
other in its surface soil moisture and fire climates, as shown by the average and standard deviation 229 
values. These values were calculated by compiling the preseason surface soil moisture and fire 230 
occurrence values across all cells within each land cover type for each year in the study period. 231 
 232 
Figure 3 provides an example of results by hindcasting the May 2012 – April 2013 fire year. The 233 
top map shows the total number of fires expected to occur in each cell that year based on the 234 
preceding January – April average soil moisture. Figure 3 (bottom) shows total predicted burned 235 
acreage. The spatial gaps in the predictive maps represent the withheld land cover classes. These 236 
maps were created for each year in the study period, and their summary statistics for predicted 237 
number of fires and total burned acres were compiled and charted in Table 3 and Figure 4. 238 
 239 
To validate these results, predicted fire frequency and burned area maps that were generated for 240 
the 2012 – 2013 fire year (i.e. the most recent year in the FPA FOD dataset), and compared against 241 
the observations. For proper cross-validation, this fire year was held out of the algorithmic step. 242 
Results are compiled in Table 3. Additionally, the processed FPA FOD data was disaggregated by 243 
land cover type and charted next to the predicted fire data, as shown for May 2012 – April 2013 244 
in Figure 4, showing the relative accuracy of the algorithm’s prediction for each vegetation type. 245 
Vegetation types that were deemed unsuitable for the analysis (i.e. mixed forest, agricultural, and 246 
urban) were removed from the data sets. Figure 4 shows that in the 2012 – 2013 case study, the 247 
values for predicted fire frequency and burned area match the actual data within an error of 35.68% 248 
and 119.23% respectively, compared to an average error of 26.67% for predicted fires and 249 
124.08% for predicted burned area for the entire study period. 250 
 251 
5. DISCUSSION AND CONCLUSIONS 252 
 253 
It should be noted that the predictive maps presented are not intended to offer an accurate hindcast 254 
of actual fire occurrence and severity in individual 0.25–degree grid cells. Rather they offer a 255 
qualitative assessment of the general relationship between seasonal soil moisture and wildfire 256 
potential. The validation results show that the total number of fires and burned area predicted is in 257 
fact correlated with the pre-season soil moisture data for the corresponding year, across the land 258 
cover grouping. This result simply highlights the principle importance of preseason soil moisture 259 
in governing fire risk and potential.  260 
 261 
These results also provide the first evidence that pre-season soil moisture and wildfire occurrence 262 
can be strongly negatively correlated across land cover types. In all land covers, for the smaller 263 
classes of fires (i.e. class “D” or smaller, <300 acres), are generally (12 out of 20 pdfs) associated 264 
with higher pre-season soil moisture, not lower soil moisture as hypothesized. This likely describes 265 
a situation in which smaller and quick-growing vegetation (e.g. grasses and understory) are more 266 
prolific in wet years, and tend to contribute to wildfire persistence and propagation after ignition. 267 
This relationship has been studied before using precipitation observations [e.g. Holden et al., 268 
2007]. 269 
  270 
While the necessity is clear, the feasibility of wildfire predictive capabilities is increasing with the 271 
advent of innovative applications of new remote sensing data. Since accurate, observation-based 272 
surface soil moisture information has been difficult to obtain over large domains, GRACE-273 
assimilated model outputs may offer a unique contribution to fire severity prediction methods. 274 
This builds upon successes in using GRACE-assimilated model outputs for hydrologic drought 275 
monitoring [Houborg et al., 2012]. The current NASA Soil Moisture Active Passive (SMAP) 276 
mission, launched January, 2015, offers global observations of radiometer-based surface soil 277 
moisture at 36-km spatial resolution that can be used in conjunction with GRACE-assimilation 278 
efforts and should generally improve this methodology [Entekhabi et al., 2010]. This highlights 279 
the importance of the NASA hydrological data catalog for its predictive capabilities, which can 280 
further be enhanced when used in conjunction other wildfire risk indicators. 281 
  282 
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8. TABLES 363 
 364 
Table 1. Fire Size Class Definitions1 365 
Class 
Burned 
Acres 
A 0 – 0.25 
B 0.26 – 9.9 
C 10 – 99.9 
D 100 – 299 
E 300 – 999 
F 1000 – 4999 
G 5000 + 
1Class size ranges are defined in [Short 2015] 366 
 367 
 368 
 369 
 370 
 371 
 372 
 373 
Table 2. Land Cover Surface Soil Moisture and Fire Frequency Characteristics 374 
 Volumetric Water 
Content 
Fire Frequency 
(Fires/Year) 
Land Cover 
Type 
Average Standard 
Deviation 
Average Standard 
Deviation 
Evergreen Forest 0.25 0.07 9.41 12.84 
Deciduous Forest 0.31 0.06 9.05 13.49 
Shrubland 0.19 0.05 3.48 9.16 
Grassland 0.20 0.05 3.595 11.08 
Wetland 0.25 0.07 11.46 16.79 
 375 
 376 
 377 
 378 
 379 
 380 
 381 
 382 
Table 3. Predicted and Actual Fire Data with Associated Prediction Errors 383 
 384 
 385 
 386 
 387 
 388 
 389 
 390 
 391 
 392 
 393 
 394 
 395 
 396 
 397 
 398 
 399 
 400 
 401 
 402 
 403 
 404 
 405 
 406 
 407 
 408 
 Predicted 
Fires 
Actual 
Fires 
Predicted 
Burned 
Acres 
Actual 
Burned 
Acres 
Predicted 
Fires Percent 
Error 
Predicted 
Burned Area 
Percent Error 
5/2003 - 4/2004 68758 53542 7629351.29 3333260.32 28.42 128.89 
5/2004 - 4/2005 68966 44304 7696006.32 1288883.79 55.67 497.11 
5/2005 - 4/2006 74285 72461 8189855.53 6710199.52 2.52 22.05 
5/2006 - 4/2007 66928 66903 7369845.89 7181219.66 0.04 2.63 
5/2007 - 4/2008 69647 62238 7655771.51 8680825.32 11.90 11.81 
5/2008 - 4/2009 67190 59937 7544476.06 3887901.30 12.10 94.05 
5/2009 - 4/2010 67735 43507 7478052.64 1603893.48 55.69 366.24 
5/2010 - 4/2011 73422 55468 8119098.39 4935915.82 32.37 64.49 
5/2011 - 4/2012 70015 52897 7494680.79 5312742.66 32.36 41.07 
5/2012 - 4/2013 66050 48679 7313730.04 8354888.73 35.68 12.46 
9. FIGURES 409 
 410 
Figure 1. The datasets used in this study: (a) GRACE-derived surface soil moisture expressed as 411 
percent. This example shows average January – April surface soil moisture from 2003 – 2013. (b) 412 
All fires from the 2003 – 2013 study period in the FPA FOD mapped as points by fire cause. (c) 413 
The NLCD 2011 resampled to a 0.25-degree resolution.  414 
 415 
 416 
Figure 2. Binned average fire frequencies for each analyzed land cover type by fire size class. The 417 
x-axis of each chart denotes surface soil moisture as a percentage, and the y-axis shows the average 418 
number of fires per 0.25 degree cell for that soil moisture bin. 419 
 420 
 421 
Figure 3. Predictive maps for (a) individual fires and (c) burned area to assess fire risk and 422 
potential from May 2012 – April 2013. These predictive results are compared against the (b) actual 423 
fire distribution and (d) actual burned area for that year for validation. 424 
  425 
 426 
Figure 4. Validation of total predicted fires and burned acres from May 2012 – April 2013. 427 
